We examine potential selective reporting in the literature on the social cost of carbon (SCC) by conducting a meta-analysis of 809 estimates of the SCC reported in 101 studies. Our results indicate that estimates for which the 95% confidence interval includes zero are less likely to be reported than estimates excluding negative values of the SCC, which might create an upward bias in the literature. The evidence for selective reporting is stronger for studies published in peer-reviewed journals than for unpublished papers. We show that the findings are not driven by the asymmetry of the confidence intervals surrounding the SCC and are robust to controlling for various characteristics of study design and to alternative definitions of confidence intervals. Our estimates of the mean reported SCC corrected for the selective reporting bias are imprecise and range between USD 0 and 130 per ton of carbon at 2010 prices for emission year 2015.
Introduction
A key parameter for the formulation of climate policy is the social cost of carbon emissions.
If the social cost of carbon was pinned down precisely, policy makers could use the parameter to set the optimal carbon tax. For this reason, dozens of researchers using different families of models have estimated the SCC-but their findings and the resulting policy implications vary greatly. Several previous studies have offered quantitative surveys of the literature (Tol, 2005b (Tol, , 2008 (Tol, , 2011 (Tol, , 2013b , focusing especially on the characteristics of study design that may influence the reported estimates, but no study has discussed or tested for the potential selective reporting bias in the estimates of the social cost of carbon.
Selective reporting is the tendency of editors, referees, or authors themselves to prefer empirical estimates that are conclusive, have a particular sign supported by theory or intuition, or both. Also called the file-drawer problem or publication bias (we prefer the term selective reporting because the bias can be present in unpublished studies as well), it has been discussed in literature surveys since Rosenthal (1979) . The problem of selective reporting is widely recognized in medical research, where many of the best journals now require prior registration of clinical trials as a necessary condition for any potential submission of results (Stanley, 2005) .
In a similar vein, the American Economic Association has agreed to establish a registry of randomized controlled experiments to counter selective reporting (Siegfried, 2012, p. 648) . conduct a large survey of meta-analyses (quantitative literature surveys) in economics and conclude that most fields suffer from selective reporting, which exaggerates the magnitude of the mean reported effect, and thus biases our inference from the literature. A recent survey among the members of the European Economic Association, Necker (2014) , reveals that a third of economists in Europe admit that they have engaged in presenting empirical findings selectively so they confirm their arguments and in searching for control variables until they get a desired result. A meta-analysis by Havranek et al. (2012) indicates that 40% of the estimates of the price elasticity of gasoline demand end up hidden in researchers' file drawers because of an unintuitive sign or statistical insignificance; this selective reporting exaggerates the mean reported price elasticity twofold.
Several studies examine selective reporting in the context of climate change research. The problem is widely discussed in phenology (Both et al., 2004; Gienapp et al., 2007; Menzel et al., 2006) , and the evidence suggests that while selective reporting is a minor issue in multi-species studies, positive results from single-species studies are reported more often than neutral results (Parmesan, 2007) . Maclean & Wilson (2011) conduct a meta-analysis of the relation between climate change and extinction risk and find mixed results concerning selective reporting, with evidence for the bias among estimates of extinction risk, but no bias among estimates of high extinction risk. Michaels (2008) examines 166 papers on climate change published in Science and Nature and argues that there is substantial evidence for selective reporting. Swanson (2013) indicates that many of the current model simulations of climate change are inconsistent with the observed changes in air temperature and the frequency of monthly temperature extremes, which might be due to selective reporting. In contrast, Darling & Côté (2008) investigate the relationship between climate change and biodiversity loss and find no evidence of selective reporting, and Massad & Dyer (2010) find no signs of selective reporting in the literature on the effects of climate change on plant-herbivore interactions.
Another motivation for the examination of potential selective reporting is the controversy concerning the scientific consensus on anthropogenic climate change between John Cook and colleagues on one side and Richard Tol on the other. Cook et al. (2013) collect almost 12,000 abstracts from peer-reviewed studies and conclude that 97% of them support the argument that climate change is human-made. Tol (2014) disagrees and has reservations about the way in which Cook et al. (2013) select papers for their survey. Cook et al. (2014) , in turn, disagree with the response of Tol (2014) and point out several problems with Tol's arguments. From our perspective the main caveat of the Cook et al. (2013) survey is that it neither mentions nor corrects for potential selective reporting. Given how widespread the file-drawer problem is in many fields, the fact that 97% of studies report positive results does not necessarily translate into a 97% consensus of the scientific community that climate change is human-made. Because our prior about the sign of the relation between human activity and climate change is so strong, researchers may be less inclined to report neutral rather than large positive estimates of the relationship. 1
In contrast to most subjects of meta-analysis in economics, the social cost of carbon is not estimated in a regression framework. Rather, the SCC is a result of a complex calibration 1 Selective reporting in the SCC literature could also work in the opposite direction: as small estimates of the SCC are so scarce, careful analyses that yield small SCC could receive more attention and be easier to publish than larger estimates reported in studies of a similar quality.
exercise, and the uncertainty surrounding the estimates is usually determined via Monte Carlo simulations. Therefore, by definition the literature lacks the usual suspects when it comes to potential selective reporting: a specification search across models with different control variables, the choice of estimation technique, and the selection of the data sample. On the other hand, the authors have the liberty to choose among many possible values of the parameters that enter the computation and influence (in either direction) both the estimated magnitude of the SCC and the associated uncertainty. In a critical review of integrated assessment models, Pindyck (2013, p. 863) even argues that "these models can be used to obtain almost any result one desires." Despite the difficulty in computing the SCC, we believe it is worth trying to pin down this crucial parameter. Testing for the potential selective reporting bias represents a part of this effort.
The remainder of the paper is structured as follows. Section 2 briefly discusses how the authors derive estimates of the social cost of carbon. Section 3 describes how we collect data for the meta-analysis. Section 4 explains the methods used in economics for the detection of selective reporting and addresses the specifics of their application in the case of the social cost of carbon. Section 5 presents the results of the meta-regression analysis based on tests of funnel asymmetry. Section 6 concludes the paper. A list of studies included in the meta-analysis and summary statistics of regression variables are reported in the Appendix.
Estimating the Social Cost of Carbon
The purpose of this section is to outline the intuition behind the estimation of the SCC and discuss the results of the related literature, not to provide a detailed overview of the estimation methodology. For the latter we refer the reader to Pindyck (2013) and Greenstone et al. (2013) .
The first estimate of the shadow price of carbon emissions dates back to Nordhaus (1982) .
In the early 1990s William Nordhaus developed the first predecessor of the current generation of models, Nordhaus (1991) , which he applied to the US economy. Later, Nordhaus extrapolated his country-level estimates of welfare effects to a global estimate, which has become the norm in the literature. Several researchers followed this approach (for example, Ayres & Walter, 1991) , but it was not before Fankhauser (1994) that an uncertainty component was introduced into the analysis. In the following years the literature differentiated further and more distinct models were introduced: among others, Tol (1995) , Nordhaus & Yang (1996) , and Plambeck & Hope (1996) .
The workhorse tools for the estimation of the SCC are the so-called integrated assessment models. In simple terms, an integrated assessment model puts the expected climate effects of carbon emissions into the framework of economic growth theory. The social cost of carbon is then calculated approximately as the difference between present and future GDP as influenced by damage resulting from carbon emissions, discounted back to the present time. The three most commonly used models are DICE (Dynamic Integrated Climate and Economy) developed by William Nordhaus (Nordhaus, 2008) , PAGE (Policy Analysis of the Greenhouse Effect) developed by Chris Hope (Hope, 2008b) , and FUND (Climate Framework for Uncertainty, Negotiation, and Distribution) developed by Richard Tol (Tol, 2002a,b) . Each model specifies how climate impacts result in economic damages in a different way (for more details on the differences in methodology see, for example, NRC, 2009; IWG, 2010 IWG, , 2013 .
The mapping of carbon emissions to economic costs is associated with significant uncertainties. The authors must rely on trends and scenarios taken from other sources, which involves simplification of complex processes. The authors must make assumptions about the level of current and future emissions (under different scenarios), about how these emissions translate into atmospheric gas concentrations (resulting from current, past, and future emissions), how these concentrations translate into warming (climate sensitivity), and how the warming translates into economic damages (projections of technological change, social utility assumptions, and damage functions). A major source of uncertainty is linked to the discount rate in monetary valuations.
The resulting SCC is either a best-guess value of the calibration provided by the researcher or a mean/median value with a probability distribution, usually constructed using a Monte Carlo simulation. The reported values of the SCC vary widely.
Several attempts have been made to synthesize the published information on the optimal carbon tax. The IPCC (1995) literature review reports the range of best guesses from existing studies published until 1995: for carbon emitted in 1995, the range of the estimates covers 5-125 USD/tC (at 1990 prices). In IPCC (2007) , the values for 2005 emissions are extracted from about 100 estimates and range from −11 USD/tC to 348 USD/tC with an average value of 44 USD/tC (at 2005 prices). Both studies find the net damage costs of climate change to be 6 significant and increasing over time. The IPCC emphasizes that these intervals do not represent the full range of uncertainty. 2
The first comprehensive meta-analysis on the topic, Tol (2005b) , collects 103 estimates from 28 different studies. Combining all the estimates into a composite probability density function, Tol (2005b) finds a median estimate of 14 and a mean of 93, not exceeding 350 with a 95% probability. The estimates are driven by the choice of the discount rate and equity weights; Tol (2005b) also finds that the largest estimates with substantial uncertainty come from studies not published in peer-reviewed journals. In an update of the meta-analysis, Tol (2008) confirms his previous findings using 211 estimates collected from 47 studies; moreover, he identifies a downward trend in the reported SCC. Using the Fisher-Tippett fat-tailed distribution for the probability density function, for emission year 1995 discounted to 1995 he estimates the median SCC at 74 and the mean at 127, not exceeding 453 with a probability of 95%.
In another update, Tol (2011) performs a meta-regression analysis of 311 estimates of the social cost of carbon. He estimates the global mean SCC to be 177 (in 2010 USD and for emission year 2010) and the median to be 116 with a standard deviation of 293, not exceeding 669 USD/tC with a 95% probability. A lower discount rate leads to a higher SCC, and peerreviewed estimates and estimates from newer studies seem to be less pessimistic. In the most recent survey, Tol (2013b) adds another 277 estimates from 14 studies to the meta-analysis and gets a mean estimate of 196 and a median of 135 with a standard deviation of 322. 3
The SCC Data Set
The first step of any meta-analysis is the collection of results from primary studies that report estimates of the effect in question. We take advantage of the previous meta-analyses of the literature estimating the social cost of carbon and start with the data set provided by Richard Tol. The data set covers studies published until mid-2012 and includes 79 papers. Additionally, we search in Google Scholar for new studies published in 2012 or later; the search query is available in the online appendix. We identify 22 new studies, bringing the total number of papers included in the meta-analysis to 101, listed in the Appendix. Most studies report multiple estimates of the social cost of carbon, for example with different assumptions concerning the pure rate of time preference or different economic scenarios. We collect all of the estimates, which yield 809 observations. To put these numbers into perspective, we refer to the recent survey of meta-analyses in economics, , who note that the largest meta-analysis conducted so far uses 1,460 estimates from 124 studies.
Aside from collecting additional studies, we also make adjustments in the original data set provided by Tol. Some studies available as mimeographs at the time when Tol collected the data have been published since 2012, and for these studies we checked the reported results and, if needed, changed the coding of the data accordingly. We also collect additional variables that may help explain the heterogeneity in the estimates of the social cost of carbon. Because the estimates of the SCC are reported for different emission years and evaluated in nominal US dollars, we have to recompute them to a common metric. We choose 2010 as the price year and 2015 as the emission year; for the normalization of the emission year we assume constant growth of the SCC of 3.11% per year, the mean growth of the estimated real SCC between emission years in our data set (more details are available in the online appendix). Some studies report the SCC as the cost of emission of a molecule of carbon dioxide, while others refer to the cost of emission of an atom of carbon. We recompute the estimates so that they relate to the cost per metric ton of carbon.
We add the last study to our data set on August 1, 2014. At that time all the studies taken together had obtained almost 17,000 citations in Google Scholar (or almost 1,700 on average per year), which shows the scientific impact of the literature estimating the SCC. The first estimate was reported in 1982, but the median study in our data set comes from 2008: more and more studies on the topic are reported each year. Out of the 101 studies in our sample, 63 are published in peer-reviewed journals; the remaining 38 studies are book chapters, government reports, mimeographs, and other publications for which peer review is not guaranteed. We include the latter group of studies as well, partly following the advice of Tom Stanley to "better err on the side of inclusion in meta-analysis" (Stanley, 2001, p. 135) and partly because we are interested in any potential differences in selective reporting between published and unpublished studies. Some of the studies are more theoretical than empirical in nature, and their main goal is intuition, not prediction; nevertheless, as a rule we try to include all studies that provide 8 estimates of the SCC. Our approach to data collection and analysis is consistent with the Meta-Analysis of Economics Research Reporting Guidelines . Logarithm of the estimate of the social cost of carbon Notes: Because the smallest estimate in our data set is −12.8, we add 13 to all estimates of the social cost of carbon before taking logs. Figure 1 shows the distribution of the estimates of the social cost of carbon in our data set.
Because the distribution is skewed to the right (the mean is 290; the median is 99), we choose the logarithmic scale for the depiction of the data set. To be able to take the log of all the estimates, we add 13 to the observations (the smallest estimate is −12.8). Panel A of Figure 1 shows the distribution for all the estimates; Panel B shows the distribution of the study-level median estimates: both distributions are approximately log-normal, which is corroborated by the skewness and kurtosis test of normality, although the distribution of the medians is slightly skewed to the right, even after taking logs. The mean and median of the study-level median estimates are smaller than those of all the estimates (201 vs. 290 and 82 vs. 99, respectively), which suggests that studies which obtain a larger SCC in general report more estimates. Figure 2 depicts the box plot of the estimates reported in individual studies. Even with the logarithmic scale, the figure shows substantial heterogeneity across studies. It follows that it is important to control for the methodology of the SCC computation employed in the study and to cluster standard errors in the resulting regressions at the study level because estimates reported within individual studies are unlikely to be independent. All the variables that we collect for this meta-analysis are summarized and explained in Table 1 ; the table corresponds (2006) Uzawa (2003) Tol (2013) Tol (2012) Tol (2010) Tol (2005) Tol ( (1993) Pearce (2003) Parry (1993) Nordhaus (2011) Nordhaus (2010) Nordhaus (2008) Nordhaus (1994) Nordhaus (1993) Nordhaus ( (2014) Hope (2011) Hope (2008b) Hope (2008a) Hope (2006) Hope (2005b) Hope (2005a) Hope & Maul (1996) Hohmeyer (2004) Hohmeyer (1996) Hohmeyer & Gaertner (1992) Haraden (1993) Haraden ( Downing et al. (1996) Dietz (2011) Dennig (2013) Cline (2004) Cline (1997) Cline ( Ackerman & Munitz (2012) to the entire data set of 809 observations. Summary statistics for the two additional data sets (study medians and estimates with reported uncertainty) are shown in the Appendix. Notes: Data are collected from studies estimating the social cost of carbon. The data set is available at meta-analysis.cz/scc.
The construction of the approximate standard errors for the estimates of the social cost of carbon (the second and third items in Table 1 ) will be described in detail in the following two sections. We can only approximate standard errors for estimates for which the authors of primary studies report a measure of uncertainty, usually a confidence interval. Only 267 out of the 809 estimates in our data set are reported together with a measure of uncertainty.
These estimates are on average much larger than the rest of the data: the mean estimate with uncertainty is 411 (in contrast to 290 when all the estimates are considered) and the median is 241 (in contrast to 99). In other words, authors who provide a probabilistic distribution of estimates tend to report much larger median values of the SCC than authors who only report their best-guess estimates.
We include a dummy variable to take into account whether the study in which the estimate is reported is published in a peer-reviewed journal. We also control for the year of publication of the study: perhaps novel methods of estimating the SCC yield systematically different results, and the literature converges to a consensus value. We include dummy variables for the case where the reported estimate corresponds to the median and mean of the distribution; the base category corresponds to best-guess estimates. Some studies estimate average costs rather than marginal damage costs, and we control for this aspect of methodology as well. We include dummy variables for studies that examine dynamic impacts of climate change and studies that use internally consistent climate and economic scenarios to simulate the evolution of emissions.
Three families of integrated assessment models are predominant in the estimation of the social cost of carbon: the FUND, PAGE, and DICE (RICE) models; most author teams also consistently use the same family of models. We include three dummy variables to distinguish between these approaches. Some estimates are constructed as weighted averages of several model approaches, and a few studies use models independent of the three main families. An important feature in estimating the SCC is the assumed discount rate, especially the pure rate of time preference-we control for the value assumed in the computation, but some authors do not report it; we have data on the pure rate of time preference for only 633 estimates.
Next, some studies employ equity weights in the computation, and we control for this aspect of methodology. We also include a dummy variable that equals one if the estimate corresponds to the optimal abatement path and can be interpreted as a Pigovian tax on carbon emissions.
Finally, we control for the number of Google Scholar citations of the study and the SciMago journal rank of the outlet (the SciMago journal rank based on Scopus citations is available for more journals in our sample than the Thompson Reuters impact factor and the RePEc impact factor): perhaps these study characteristics capture aspects of quality not covered by the methodology variables introduced above.
In the next step we examine how method and publication characteristics are correlated with the reported estimates of the SCC. The first two columns of Table 2 report the results of a regression of the estimates on the estimates' characteristics; the third and fourth columns use the logarithm of the estimate of the SCC on the left-hand side of the regression. In all cases we cluster standard errors at the study level to take into account within-study correlation in SCC estimates. The results suggest that studies published in peer-reviewed journals report, on average, substantially smaller estimates of the social cost of carbon. This evidence is consistent with previous research (Tol, 2011) , and can be interpreted in two ways. The first potential interpretation, suggested by Tol (2011) , puts forward the point that many large estimates of the SCC that we observe in the literature are not verified by the peer-review process, and thus may be of questionable quality. The second possible interpretation, in line with the topic of this paper, would suggest that the peer-review process results in a selective reporting bias in favor of more conservative estimates of the SCC. We will examine this issue in detail in the next two sections. Studies employing internally consistent economic and climate scenarios tend to report larger estimates of the SCC, but the effect is only statistically significant in the log-level specifications 13 Notes: The table presents the results of regression SCC ij = α + β · X ij + u ij , where SCC ij is the i-th estimate of the social cost of carbon reported in the j-th study and X is a vector of the estimate's characteristics. In the last two columns we use the logarithm of the estimates of the SCC as the dependent variable; because the smallest estimate in our data set is −12.8, we add 13 to all estimates of the social cost of carbon before taking logs. Estimated by OLS; standard errors are clustered at the study level and shown in parentheses. PRTP = only estimates for which the authors report the pure rate of time preference used in the computation. * * * , * * , and * denote statistical significance at the 1%, 5%, and 10% level.
of the regression. There is also some evidence that authors employing a variant of the PAGE model report, ceteris paribus, smaller estimates of the SCC than other studies, but the effect is not statistically significant at the 5% level in all specifications. The log-level regressions suggest that using equity weights results in larger reported SCCs. In contrast, it does not seem to be important for the magnitude of the estimated SCC whether the estimate is consistent with the optimal abatement path and thus represents a Pigovian tax. Similarly, the number of citations of the study is not systematically related to the reported results. The ranking of the journal, on the other hand, is correlated with the estimated SCC: studies published in better journals tend to report larger estimates (which casts some doubt on Tol's claim that large estimates of the SCC are often not verified by the peer-review process). Finally, as expected, a larger assumed pure rate of time preference leads to smaller estimates of the SCC.
Detecting Selective Reporting
In this section we provide an overview of the tools that are available for the examination of selective reporting in economics. Three methods are commonly used to detect potential selective reporting bias in the literature: Hedges' model, the funnel plot, and meta-regression analysis. Concerning the first method, Hedges (1992) introduces a model of selective reporting which assumes that the probability of reporting of estimates is determined by their statistical significance. The probability of reporting only changes when a psychologically important p-value is reached: in economics these threshold values are commonly assumed to be 0.01, 0.05, and 0.1.
When no reporting bias is present, all estimates, significant and insignificant at conventional levels, should have the same probability of being published. The augmented model developed by Ashenfelter et al. (1999) allows for heterogeneity in the estimates of the underlying effect.
The augmented log-likelihood function is (Ashenfelter et al., 1999, p. 468) :
where X i ∼ N (∆, η i ) would be the estimates of the social cost of carbon. The parameter ∆ is the average underlying SCC, and η i = σ 2 i + σ 2 , where σ i are the reported standard errors of the estimates and σ measures the heterogeneity in the estimates. The probability of reporting 15 is determined by the weight function w(X i ). In this model w(X i ) is a step function associated with the p-values of the estimates. B ij (∆, σ) represents the probability that an estimate X i will be assigned weight ω i . For the first step, p-value < 0.01, ω is normalized to 1 and the author evaluates whether the remaining three weights differ from this value. Z i is a vector of the characteristics of estimate X i . In the absence of selective reporting the meta-analyst is not able to reject the hypothesis ω 2 = ω 3 = ω 4 = 1; that is, estimates with different levels of statistical significance have the same probability of being reported.
The second method of detecting selective reporting is a visual examination of the so-called funnel plot (Egger et al., 1997) . The funnel plot is a scatter plot of the estimated coefficients (in our case the reported estimates of the social cost of carbon) on the horizontal axis and their precision (the inverse of the standard error) on the vertical axis. The most precise estimates are close to the top of the funnel and are tightly distributed. As precision decreases, the dispersion of the estimates increases, which yields the shape of an inverted funnel with a sharp tip at the top and a wide base at the bottom. In the absence of selective reporting the funnel should be symmetrical: all imprecise observations have the same probability of being reported. Even if the true effect is positive, due to the laws of chance we should observe some negative estimates with low precision (as well as large estimates with low precision). If, in contrast, some estimates (for example, the negative ones) are systematically omitted, the funnel becomes asymmetrical.
The third method used to investigate potential selective reporting is closely related to the funnel plot, but uses meta-regression analysis to statistically examine the degree of funnel asymmetry. When selective reporting is absent from the literature the estimates of the SCC will be randomly distributed around the mean estimate of the social cost of carbon, SCC 0 (due to the central limit theorem). But if authors discard some estimates because they are statistically insignificant at the conventional levels or have a sign that is inconsistent with the theory or the mainstream prior, the reported estimates of the SCC will be correlated with their standard errors (Card & Krueger, 1995) :
where SCC i is the estimate of the social cost of carbon, SCC 0 denotes the average underlying value of the social cost of carbon, Se(SCC i ) denotes the standard error of SCC i , β 0 measures the magnitude of selective reporting, and u i is an error term. Specification (2) can be thought of as a test of the asymmetry of the funnel plot: the regression results from rotating the axes of the funnel plot and inverting the values on the new horizontal axis. A statistically significant estimate of β 0 provides formal evidence for funnel asymmetry, and thus for selective reporting.
Note that β 0 close to 2 is consistent with a situation where only positive and statistically significant SCC estimates (that is, the estimates for which the corresponding 95% confidence intervals exclude zero) are selected for reporting and other estimates are hidden in file drawers.
Since specification (2) is heteroskedastic (the dispersion of the dependent variable increases when the values of the independent variable increase), in practice meta-analysts often estimate it by weighted least squares with the precision taken as the weight (Stanley, 2005) :
Because most studies provide more than one estimate of the SCC, it is important to take into account that estimates reported in one study are likely to be correlated. One way of addressing this issue is to employ the so-called mixed-effects multilevel model (for an early application in meta-analysis, see, for example, Doucouliagos & Stanley, 2009) , which assumes unobserved between-study heterogeneity. We specify the mixed-effects model following Havranek & Irsova (2011) and Havranek et al. (2012) :
where i and j denote estimate and study subscripts and t i denotes the approximate t-statistic.
The overall error term (ξ ij ) now breaks down into study-level random effects (ζ j ) and estimatelevel disturbances ( ij ). The model is estimated by restricted maximum likelihood. The problem with the mixed-effects model is that it assumes no correlation between study-level random effects and the independent variables. This assumption is rarely tenable in practice, and we thus prefer to run the fixed-effects model and cluster standard errors at the study level.
The three methods of detecting selective reporting introduced above are designed for regression estimates of the parameter in question and require the ratio of the point estimate to the standard error to be t-distributed. In contrast, estimates of the social cost of carbon are based on calibration and assumptions concerning the uncertainty about parameters entering the computation. For most estimates of the SCC the authors do not report confidence intervals, and even if they do, we cannot assume the ratio of the point estimate to the standard error to have a t-distribution because of the asymmetries in the uncertainty surrounding the SCC (especially catastrophic events). In particular, Hedges' method assumes that authors decide on which estimates to report depending on whether the estimates surpass a certain p-value threshold, which is unlikely to be the driving factor of selective reporting in the literature on the SCC. In contrast, we can use the intuition behind the two methods based on the analysis of funnel plot asymmetry: small and large estimates with the same precision should have the same probability of being reported.
To be able to employ the methods based on the funnel plot, we need to compute the approximate standard errors of the estimates. Few authors report the standard errors directly, and only 267 out of the 809 estimates are reported together with a measure of uncertainty from which confidence intervals can be computed (usually 95% confidence intervals). The confidence intervals of the estimates of the SCC are typically asymmetrical, which means that for the approximation of the standard error we have to choose whether to use the lower or upper bound of the confidence interval. We choose the lower bound, because we assume that any potential selective reporting in the literature will be associated with the sign of the estimate and the authors' confidence that the true SCC is nonzero. 4 We additionally examine whether the asymmetry of the confidence intervals reported by the authors affects our results concerning potential selective reporting in the literature; a similar problem in the analysis of selective reporting is discussed in detail by Rusnak et al. (2013) .
Because for most estimates of the SCC the authors do not report confidence intervals or other measures of uncertainty, we also choose an alternative approach for the computation of approximate standard errors. From each study we take the median estimate of the SCC and then construct the standard error as the difference between the 50 th and the 16 th percentile of the distribution of estimates. (We only use studies that report multiple estimates of the SCC.)
The standard errors are computed under the simplifying assumption that the estimates in each study are normally distributed. Most studies produce an asymmetric distribution of estimates, but we are interested in quantifying the confidence of the authors that their estimate of the social cost of carbon is different from zero, which is analogous to statistical significance for classical regression estimates used in economic meta-analyses. We expect that selective reporting in the literature would manifest itself as a tendency to report less uncertainty (a smaller approximate standard error computed from the lower bound of the confidence interval or the distribution of estimates in a study) for smaller estimates of the SCC in absolute terms. As far as we know, this paper represents the first attempt to quantify potential selective reporting among simulated model results. The funnels are clearly asymmetrical, with smaller estimates being typically more precise-that is, reporting less uncertainty in the downward direction. Large point estimates of the SCC are usually associated with a lot of uncertainty and do not exclude the possibility of a small positive SCC. It is remarkable that the funnels have a similar shape even though the method of computing the approximate standard errors differs considerably between the two cases.
Meta-Regression Results
Panel A of Table 3 shows the results of funnel asymmetry tests for the sample of estimates with uncertainty; in all specifications we cluster standard errors at the study level. In the first column we run a simple OLS regression of point estimates of the SCC on the approximate standard errors. The slope coefficient in the regression is positive and statistically significant, which corroborates our intuition based on funnel plots: larger estimates of the SCC are associated with larger downward uncertainty, and vice versa. The estimated slope coefficient equals approximately 1.7, which corresponds to "substantial" selective reporting bias according to the classification by . We have noted that a slope coeffi- Estimate of the social cost of carbon Notes: In the absence of selective reporting the funnel should be symmetrical around the most precise estimates of the social cost of carbon. Precision is the inverse of the approximate standard error computed from the lower bound of the reported confidence interval (or from the distribution of estimates in the study in the case of study-level medians). Outliers are excluded from the figure but included in all statistical tests.
cient close to 2 would be consistent with a situation where researchers systematically omitted estimates for which the 95% confidence interval included zero.
The constant in the regression can be interpreted as the mean estimate of the SCC when uncertainty about the SCC approaches zero (that is, corrected for any potential selective reporting), and is large and statistically significant in this specification, though smaller than the simple mean of all estimates. In the second column we add study-level fixed effects; in this way we filter out all study-specific characteristics that may influence the reported estimates.
The result concerning the extent of selective reporting is similar to the previous case, but the estimate of the underlying SCC is now statistically insignificant at conventional levels.
In the next specification we weight the estimates by their precision-the inverse of the approximate standard error. This weighted-least-squares specification has two benefits, for which it has commonly been used in meta-analysis: see, for example, Stanley (2005) . First, it corrects for heteroskedasticity in the baseline regression, where the independent variable (the standard error of the estimate of the SCC) is a measure of the dispersion of the dependent variable (the magnitude of the estimate of the SCC). Second, by definition it gives more weight to more precise results, which further alleviates the effects of selective reporting. The results are similar to the previous specification, but the coefficient associated with selective reporting 
is the corresponding approximate standard error computed from the upper bound of the reported confidence interval. The standard errors of the regression parameters are clustered at the study level and shown in parentheses. FE = study-level fixed effects. Precision = weighted by the inverse of the standard error. Study = weighted by the inverse of the number of estimates reported per study. ME = study-level mixed effects. * * * , * * , and * denote statistical significance at the 1%, 5%, and 10% level.
is even larger-2.5, which corresponds to "severe" selective reporting based on the guidelines by -and statistically significant at the 1% level.
In the fourth column we use weighted least squares again, but instead of precision the weight is now the inverse of the number of estimates reported in each study. In unweighted regressions, studies that report many estimates get overrepresented and influence the results more heavily than studies with few reported estimates. Weighting by the inverse of the number of estimates reported per study seems natural because it gives each study approximately the same influence on the results. Compared to the baseline OLS regression, this specification yields smaller estimates of both the selective reporting parameter and the underlying mean SCC. The coefficient representing selective reporting is still statistically significant at the 5% level, and its extent would still be classified as substantial. In contrast, the coefficient that captures the mean effect corrected for the selective reporting bias is not statistically significant at conventional levels.
Finally, we also employ the mixed-effects multilevel model and report the results in the last column of panel A in Table 3 . The mixed-effects model allows for random differences in the extent of the underlying SCC across studies and also gives each study approximately the same weight. The results corroborate the evidence reported in the previous columns concerning statistically significant and substantial selective reporting. The estimate of the underlying value of the social cost of carbon is once again statistically insignificant, and here even negative.
In panel B of Table 3 we examine whether our results concerning selective reporting are influenced by the asymmetry of the confidence intervals that the authors report for their estimates of the social cost of carbon. The asymmetry of the confidence intervals reported in individual studies is not an issue per se: many applications of meta-analysis quote the central limit theorem, which would imply that estimates should be symmetrically distributed in the absence of selective reporting even if the individual distributions are skewed. The problem is that the crucial assumption of the central limit theorem, independence of individual studies and estimates, is unlikely to hold in this case.
To see whether asymmetry drives our results, we need to include an interaction term of the approximate standard error computed based on the lower bound of the confidence interval and the ratio of the standard error computed from the upper bound and from the lower bound.
This means that we can simply add an independent variable that captures the approximate standard error computed based on the upper bound (SE · SE up /SE = SE up ), and Table 3 shows that it is statistically insignificant in all cases. All other results are qualitatively similar to the baseline regression, except for the specification where we use the inverse of the number of estimates reported per study as the weight-the coefficient corresponding to selective reporting loses statistical significance. In general, however, the results show that the evidence for selective reporting identified in the previous regressions is not substantially affected by the asymmetry of the individual confidence intervals.
In Table 4 we repeat the previous exercise for the study-level median estimates. In this setting, however, we have to omit the fixed-effects model, the mixed-effects model, and the weighted-least-squares regression with the inverse of the number of observations reported per study taken as the weight. Therefore, we only report two sets of results, an OLS regression and a specification where the estimates are weighted by their precision; both are run for the baseline relation between the estimates of the SCC and their standard errors and for the extended specification that includes the interaction of the standard error and the ratio of the Notes: Columns 1 and 2 present the results of regression SCC j = SCC 0 + β · SE(SCC j ) + u j , where SCC j is the median estimate of the social cost of carbon reported in the j-th study and SE(SCC j ) is the corresponding approximate standard error computed from the distribution of estimates in the study. Columns 3 and 4 present the results of regression
is the corresponding approximate standard error computed from the 84 th percentile of the distribution of the estimates in the study. The standard errors of the regression parameters are robust to heteroskedasticity and shown in parentheses. Precision = weighted by the inverse of the standard error. * * * , * * , and * denote statistical significance at the 1%, 5%, and 10%
level.
upper and lower standard error (which simplifies to the upper standard error). The results concerning selective reporting are consistent with the evidence reported in Table 3 : we obtain estimates of the selective reporting bias that are both statistically significant at the 5% level and "substantial" according to the classification by . In contrast to Table 3 , however, we find consistently significant estimates of the mean SCC corrected for selective reporting: approximately between 20 and 60.
In Table 5 and Table 6 we examine whether our estimates of the magnitude of the selective reporting bias in the literature change when we control for additional aspects of estimates and studies. Some aspects of study design might be correlated with both central estimates and their standard errors, thus biasing our estimates of selective reporting if they are not included in the regression. Table 5 focuses on the estimates for which the authors report a measure of uncertainty. In this setting we cannot use the fixed-effects specification, because some of the explanatory variables have the same value for all estimates reported in one study, so the variables would be perfectly correlated with individual study dummies. Note also that it makes little sense to interpret the constant in this regression; it still represents the mean value of the SCC corrected for selective reporting, but it is conditional on the values of all the other independent variables included in the regression. It is important that the estimates of the coefficient capturing selective reporting are consistent with the evidence reported in the previous tables: the estimates are statistically significant at the 5% level and lie in the range 1.2-2.3. The same findings hold in Table 6 , where we use study-level medians and construct 
, where SCC ij is the i-th estimate of the social cost of carbon reported in the j-th study, SE(SCC ij ) is the corresponding approximate standard error computed from the lower bound of the reported confidence interval, and X is a vector of the estimate's characteristics. Standard errors are clustered at the study level and shown in parentheses. OLS = an ordinary least squares regression using all estimates. PRTP = only estimates for which the authors report the pure rate of time preference used in the computation. Precision = weighted by the inverse of the standard error. Study = weighted by the inverse of the number of estimates reported per study. ME = study-level mixed effects. * * * , * * , and * denote statistical significance at the 1%, 5%, and 10% level. 
where SCC j is the median estimate of the social cost of carbon reported in the j-th study, SE(SCC j ) is the corresponding approximate standard error computed from the distribution of the estimates in the study, and X is a vector of the estimate's characteristics. Standard errors are robust to heteroskedasticity and shown in parentheses. PRTP = only estimates for which the authors report the pure rate of time preference used in the computation. Precision = weighted by the inverse of the standard error. * * * , * * , and * denote statistical significance at the 1%, 5%, and 10% level.
medians for the independent variables that are not defined at the study level.
In Table 7 we investigate whether publication characteristics are associated with selective reporting. To this end we use the baseline specification of the funnel asymmetry test and include interactions of the standard error and the number of citations, a dummy variable that equals one if the study is published in a peer-reviewed journal, and the ranking of the journal.
The results are consistent both for the sub-sample of estimates with uncertainty and for the median estimates taken from individual studies: studies published in peer-reviewed journals tend to suffer more from selective reporting than unpublished papers. The number of citations and journal rank, in contrast, do not systematically influence the magnitude of the selective reporting bias.
The finding that selective reporting is associated more with published studies than unpublished manuscripts could indicate that self-censorship is not the only source of selection in the literature on the social cost of carbon. The results are consistent with a situation where journal editors or referees prefer estimates of the SCC that are conclusive; that is, estimates for which the approximate 95% confidence interval excludes zero. Nevertheless, the same pattern would be achieved through self-censorship if the authors believed that editors and referees prefer conclusive estimates and, therefore, selected such estimates for submission to journals.
Concluding Remarks
In this paper we conduct a meta-analysis of the literature estimating the social cost of carbon.
We examine 809 estimates of the SCC reported in 101 primary studies. We employ metaregression methods commonly used in economics and other fields to detect potential selective reporting in the literature. Our results are consistent with a situation when some authors of primary studies report preferentially estimates for which the 95% confidence interval excludes small values of the SCC, which creates an upward bias in the literature. In other words, we observe that small estimates of the SCC are associated with less uncertainty (expressed as the approximate standard error used to compute the lower bound of the confidence interval) than large estimates. The finding suggests that some small estimates with large uncertainty-that is, not ruling out negative values of the SCC-might be selectively omitted from the literature. 
SCC ij is the i-th estimate of the social cost of carbon reported in the j-th study, SE(SCC ij ) is the corresponding approximate standard error computed from the lower bound of the reported confidence interval, and X is a vector of the estimate's characteristics. Columns 4 and 5 present the results of regression
where SCC j is the median estimate of the social cost of carbon reported in the j-th study, SE(SCC j ) is the corresponding approximate standard error computed from the distribution of the estimates in the study, and X is a vector of the estimate's characteristics. The standard errors of the regression coefficients are clustered at the study level (or robust to heteroskedasticity in columns 4 and 5) and shown in parentheses. Precision = weighted by the inverse of the standard error. ME = study-level mixed effects. * * * , * * , and * denote statistical significance at the 1%, 5%, and 10% level.
Our results also indicate that selective reporting tends to be stronger in studies published in peer-reviewed journals than in unpublished manuscripts.
Three qualifications are in order. First, we do not suggest that the selective reporting in the literature on the social cost of carbon is intentional; in contrast, we believe that, as in many other fields of economics, it reflects the implicit urge to produce interesting results that are useful for policy-making: results that, in this case, help save the planet. There is an overwhelming consensus that the social costs of carbon are positive, so perhaps it makes sense to disregard estimates that are inconsistent with this view as they probably arise from model misspecification or other estimation shortcomings. The problem is that while unintuitively small estimates are easy to recognize because of the natural lower limit of zero, there exists no obvious upper limit for the SCC. If researchers omit many small estimates but report most of the large ones (which might also be due to random misspecifications), the literature gets on average skewed toward larger estimates.
Second, we use meta-analysis methods that are designed for the synthesis of regression estimates. The estimates of the social cost of carbon are not regression-based, but mostly produced by calibrations and Monte Carlo simulations. When the authors report confidence intervals for their estimates, we use the same intuition which underlies the classical metaanalysis methods for the detection of selective reporting. Nevertheless, the large asymmetry in the uncertainty about the SCC-in particular, the uncertainty about potential high-impact catastrophic events triggered by climate change-leads to asymmetrical confidence intervals reported in many studies, which may, in turn, influence our estimates of the selective reporting bias. While the classical meta-analysis methods assume a symmetrical distribution of estimates, we find no evidence that the asymmetry drives the results in our case.
Third, our results concerning selective reporting are based on a sub-sample of all available estimates of the social cost of carbon. Only about a third of the estimates are reported with a measure of uncertainty from which approximate standard errors can be computed. As an alternative, we also explore the distribution of the estimates reported in studies (even if no in particular is difficult to pin down because of the potential catastrophic outcomes of climate change, whose probability is difficult to quantify. Notes: Data are collected from studies estimating the social cost of carbon. The data set is available at meta-analysis.cz/scc.
